Novel adjustments are introduced to the docking algorithm, DOCK/PIERR, for the purpose of predicting structures of transmembrane protein complexes. Incorporating knowledge about the membrane environment is shown to significantly improve docking accuracy. The extended version of DOCK/PIERR is shown to perform comparably to other leading docking packages. This membrane version of DOCK/PIERR is applied to the prediction of coiled-coil homodimer structures of the transmembrane region of the C-terminal peptide of amyloid precursor protein (C99). Results from MD simulation of the C99 homodimer in POPC bilayer and docking are compared. Docking results are found to capture key aspects of the homodimer ensemble, including the existence of three topologically distinct conformers. Furthermore, the extended version of DOCK/ PIERR is successful in capturing the effects of solvation in membrane and micelle. Specifically, DOCK/PIERR reproduces essential differences in the homodimer ensembles simulated in POPC bilayer and DPC micelle, where configurational entropy and surface curvature effects bias the handedness and topology of the homodimer ensemble.
INTRODUCTION
Predicting protein-protein interactions is a major goal in computational structural biology. The total number of proteins or genes in a genome is quite small (tens of thousands), which is puzzling considering the observed diversity of life. The prospects of abundant protein complexes of variable number of individual chains open many new possibilities for the natural design of diverse molecular machines. Protein interactions add another layer of useful complexity to the diversity of biological systems.
Predicting protein-protein interactions is conducted on multiple levels. We may start from the observation that the function or expression of one protein impacts the function or expression of the other and therefore they interact. The "interaction," however, can be indirect and realized through the action of other molecular mediators or promoters. Alternatively, the interaction can be made through a direct physical contact. In the present manuscript we focus on the latter. Given that two proteins are physically proximate and in contact, the determination of their three-dimensional structure is of considerable interest.
A number of theories, algorithms, and programs are available to predict the structures of protein complexes given the structures of the individual monomers. 1-4 The structures of the monomers need not be very precise and homology models have been used effectively in the past to create accurate structures of complexes (so called unbound docking 5, 6 ) . These approaches usually focus on complexes found in aqueous solution for which more experimental data is available to learn parameter sets of the scoring functions and to test the theoretical predictions. However, predicting the structures of protein complexes in other environments, such as membraneembedded proteins, is also of significant interest. Membrane proteins are critical for transport of material across cell boundaries and for transmitting signals into and out of cells. Furthermore, certain diseases and aggregation phenomena are associated with peptide interactions in membranes and are of general medical importance. 7
Probing membrane protein interactions using rigid docking One useful computational tool for deducing the structure of membrane protein complexes is rigid docking. Rigid docking can exhaustively sample the set of all possible rigid conformations of the complex on a lattice. This sampling is more comprehensive than the sampling obtained from equilibrium MD simulations. Further, docking, if established to be accurate, can be an efficient means of sampling higher order conformations of the peptide (oligomers), providing atomic detail regarding the structure of aggregates, as a quicker computational alternative to MD simulations. 8 Finally, the potentials used in a docking algorithm are based on contacts observed in protein interfaces and incorporate a information that differs in essential ways from information used to parameterize force fields employed in MD simulation.
Docking algorithms like Cluspro, Haddock, and ZDOCK have been used previously to study the structure of membrane proteins. 9-13 Indeed, in a recent study 14 a comparison was made between different algorithms for predicting membrane protein complexes. The algorithms were designed primarily for aqueous solutions. However, with only small adjustments they were used to predict the structures of membrane protein complexes. While the benchmarks are clearly useful, and point to successful prediction protocols, there remain a number of open and intriguing problems. (1) What explains the success of these algorithms when applied to structure prediction in such different environments? (2) Are protein-protein interfaces similar in membrane and aqueous solution, making the prediction less dependent on the environment? (3) What is the role of the membrane and membrane-water interface in determining the structure of protein complexes?
Incorporating membrane-protein interaction in DOCK/PIERR Clearly, the environment in which the protein is embedded must have an impact on its structure and function. Earlier, simple one-body terms were proposed to describe the transfer energies of different molecules from aqueous solutions to membrane. 15 Can we add such a term to docking algorithms while retaining the rest of the scoring functions in the form found to be most successful for proteins in aqueous solution? With a simple correction at hand, one computational model can be used to predict the structures of protein complexes in both aqueous and membrane environments. Such an adjustment is also likely to provide better understanding of interactions that are sensitive to environment and those that are not.
In Ref. 13 , the authors use the membrane orientation of models from ZDOCK as a filter for docking membrane complexes. In this study, in addition to orienting docking models in the membrane, we add a new term to the docking scoring functions, representing the membrane transfer energy. Further, in the adjustment of the docking algorithm to membranes we use our own docking method, DOCK/PIERR, which gives us easy access to the code and deeper understanding of benefits and limitations of the algorithm. The new membrane-protein interaction energy is a simple one-body term for the environmental changes the protein residues feel upon transfer from aqueous solution to membrane. The energy was designed by Tieleman et al., 15 based on results from atomically detailed simulations. We add this term to the docking potentials developed in our group PISA 16 and PIE 17,18 and assess its use in predicting the structures of membrane protein complexes. A straightforward benchmark on a set of membrane proteins suggests that the adjustment significantly enhances the prediction accuracy.
Application to transmembrane protein homodimer structure prediction
We apply this docking technology to the problem of the prediction of coiled-coil dimer structures of transmembrane (TM) helical proteins, a problem that is of broad biophysical importance. The formation of homoand hetero-dimers of TM helical proteins is known to be critical to the processing of membrane proteins as well as cellular signaling. Of particular interest is the transmembrane (TM) fragment of APP-C99 (C99), the 99 amino acid C-terminal fragment of the Amyloid Precursor Protein (APP).
C99 is processively cleaved by g-secretase to produce the amyloid b (Ab) peptide associated with Alzheimer's disease (AD influence the Ab product distribution and impact the onset of AD. As such, knowledge of the details of the cleavage process is critical to research on AD. 32, 33 An essential aspect of that problem is the prediction of the structure of C99 monomer and homodimer in bilayer environments. 34, 35 In this work, we have focused on the study of the fragment C99 23-55, which contains the single TM region of C99 and is known to form homodimers in lipid bilayers and micelles. Early proposals for the structure of homodimers formed by association of the TM region of C99 consisted of righthanded coiled-coils stabilized by interpeptide interactions facilitated by the GxxxG motif 21,25,26,36-39 that provides a good surface for helix packing. 40 In contrast, a recently reported NMR structure of C9915 2 55 (18 amino acids) is a left-handed coiled-coil structure stabilized by a heptad-repeat motif involving G38 and A42. 41 The most recent NMR structure 42 of C9923 2 55 homodimer reports a right-handed coiled-coil stabilized by interpeptide contacts in the C-terminal region, in agreement with earlier experimental findings and computational predictions. Given these differing proposals, additional studies, both experimental and computational, are clearly required to develop a complete and consistent understanding of the C99 homodimer structure.
In this study, we illustrate that rigid docking and reranking of sampled configurations of amyloid precursor peptides are consistent with atomically detailed simulations with implicit solvation. This finding concurs with, 43 where the authors perform rigid docking and implicit solvent simulation for dimers of Glycophorin-A and its mutants. Docking is shown to reproduce all the key conformations in the MD ensembles. Differences between structures of dimers obtained by different computational methods are discussed. Finally, structural differences between dimers characterized in micelle and bilayer environments are considered.
METHODS
In this section, we first describe DOCK/PIERR, our rigid docking algorithm, and the membrane score added to DOCK/PIERR to mimic the membrane environment. Second, we consider the dataset of unbound membrane protein complexes, used for establishing performance of various docking algorithms, along with a brief note about the docking algorithms whose performances were compared. Finally, we explain the simulation methods used for obtaining the 23-55 dimers of the amyloid precursor protein (APP) and the approach used to dock the APP monomers obtained from simulation.
DOCK/PIERR rigid docking algorithm DOCK/PIERR 16,17,44 is an algorithm that predicts, in atomic resolution, the structure of the complex formed by two proteins, given their individual tertiary structures. The first phase involves rigid docking and coarse scoring. First, an exhaustive set of rigid transformations of one protein with respect to the other is sampled and scored, using Fast Fourier Transforms (FFT) on a grid with $1 Å spacing. The scoring used is a combination of a van der Waals term for shape complementarity and a residue potential PIE 17,18 that is based on interface residueresidue contacts. The parameter set for the scoring function was optimized using a rigorous theory and extensive learning set (640 protein complexes). 18 For prediction purposes, the top scoring 2 19 5 524388 conformations are stored, and subject to subsequent filtering for interface clashes and clustering. Specifically, the set of conformations is clustered in rigid body space, followed by filtering out of models with >45 atomic clashes. The remaining models are re-clustered based on interface RMSD. Clustering removes models that are too similar to other models and allows for more diverse ranking.
The second phase of the calculation emphasizes reranking with atomic models. 16 Only the top scoring one thousand models selected by clustering as discussed above are considered. For each model, the side chains at the interface are remodeled, and a brief energy minimization is performed. The minimized structures are then rescored using an atomic potential designed for protein contact interfaces, PISA, combined with the residue potential, PIE. Note that the second phase is not meant as a refinement step. The adjustments to the structure are exceptionally small (RMSD $ 0.1 Å ) and are made to improve the atomic score, not the overall docking pose. Finally, the algorithm returns the top ten models of the complex as predictions.
In recent community-wide assessments of docking algorithms 45 (CAPRI), the DOCK/PIERR algorithm was judged to be one of the top four current automated protein-protein docking methods. The novelty of this docking algorithm lies in the potentials PIE and PISA used for scoring residue and atomic contacts at protein interfaces. The parameters of these potentials are derived by examining hundreds of thousands of correctly and incorrectly docked poses, using large-scale machine learning methods like structural SVMs. 17, 46 Membrane potential for reranking docking decoys
The docking algorithm described above only examines the interface contacts of the models and does not incorporate information about the environment surrounding the complex. The potentials, PISA and PIE, used for scoring interface contacts are derived empirically from datasets of experimental and decoy structures of primarily solvated protein complexes (the training set includes only 7 membrane proteins of a total of 640 and their contribution to the statistics is small).
We anticipate that learning on membrane proteins will result in different potentials. Nevertheless, it is tempting to keep the designed potentials "as are" and look for an additional term to score the effects of the membrane. This will make the docking method more modular, transferable, and general. In this study, adding such an energy term, that includes residue-specific information about membrane solvation, is shown to enhance prediction accuracy in membrane complexes. This term was added to the last reranking step of docking and not to the coarse FFT step. The complexity of the FFT code suggests restricting the use of the additional term, at least to begin with, to the final step of reranking,
Calculating membrane energy
Rather than design a membrane environment potential from scratch, we adopted a function that was developed by other investigators. Previous results from MD simulations by Tieleman et al. consider transfer free energy from aqueous solution to the center-of-membrane for each amino acid residue. 15 Their detailed and comprehensive simulations provided us with singe body adjustments that measure the costs (and rewards) of transferring each amino acid between the two environments. The underlying physical assumption is that the one body term captures the environment effect and that the impact of the membrane on the two body interactions is significantly smaller and can be neglected. The drawback of our choice is that the atomically detailed simulations and our machine learning procedure are not necessarily compatible and some double counting of the same effect may occur. On the other hand the combination of our potential with Tieleman's energy includes only one free parameter, making it relatively simple to verify the impact and the significance of the combination. We observe a large enhancement in prediction capacity, which suggests that the environment potential indeed captures a useful signal.
The membrane energy was calculated from these transfer energies using the following steps. First, each docking model was inserted into the membrane, by placing its center of mass at the center of the membrane, and by orienting the eigenvector corresponding to the smallest Eigenvalue of the tensor of inertia of the model along the membrane normal. This orientation is appropriate for elongated transmembrane proteins such as helical proteins, which are our prime targets in this study. For wide proteins a different orientation procedure will have to be used, since the eigenvector with the smallest Eigenvalue is not necessarily in the direction normal to the membrane. Second, for each docking model, the relative solvent accessibility of every residue was calculated using the program DSSP. 47 Finally, the membrane energy was calculated as follows: each residue whose side-chain center of mass was within a specified membrane width contributed to the membrane energy. The contribution from such a residue, i, was equal to the membrane transfer energy for that residue, t i , weighted by its relative solvent (lipid) accessibility, a i . As shown in Eq. (1), the membrane transfer energy, or MTE, for a model, is the sum of the transfer energy contributions from all residues i, within the membrane width.
We note that Tieleman et al. also provided water-tohydrophilic membrane interface transfer energies, apart from water-to-center of membrane transfer energies. The addition of these extra parameters did not contribute to improved accuracy in ranking and hence they are not included in our docking algorithm for membrane complexes.
Membrane widths
The membrane half-width along the Z-axis is, of course, important for our calculations since it determines the degree of exposure of different amino acid side chains to the membrane environment or to aqueous solution. However, membrane widths are not strictly fixed and can vary among different membrane proteins. 48 For experimentally determined structures the width is known; however, for model complexes and variable composition of lipids it is not. Servers like TMDET 48 and databases like the PDBTM database 49 store precalculated widths for membrane proteins whose experimental structure has been determined. But these are difficult to use when ranking hundreds of thousands of models, with different effective membrane widths, and when studying complexes for which the experimental Figure 1 Example of a model oriented in the membrane, and a particular residue, i, inside the membrane that contributes a i t i to the membrane energy, where a i is the residue relative solvent exposed surface area and t i is the residue membrane transfer energy. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.] data is limited. To pick a width that is consistent and optimal within our model, we use the following procedure: for each docking model, membrane transfer energies were calculated for a range of half-widths: 16 Å 6 3 Å , in steps of 0.5 Å that is, for 13.0, 13.5, 14.0, 14.5. . .16.0, 16.5, 17. . .19 Å , respectively. For each width, only protein residues whose centers of mass are within the membrane boundaries are scored according to Eq.
(1) and contribute to the membrane energy for that width. The lowest (best) membrane transfer energy over the range of widths was taken as the score for the docking model. Figure 1 shows an example of a model oriented in the membrane, and a particular residue, i, inside the membrane that contributes to the membrane energy.
Bilayer versus micelle membrane environments
For docking membrane proteins characterized in a micelle environment, instead of the regular linear membrane model, a spherical membrane model with radius of 16 Å 6 3 Å is used to calculate the membrane energy. The code for membrane energy was implemented using the Biopython module.
Combining membrane energy with docking scores
DOCK/PIERR uses C3, a combination of atomic and residue potentials, to rerank the top one thousand minimized docking models. 16 The membrane energy (MTE) was combined with C3 in a parameter-free fashion by using the product of C3 with MTE. Such a product of docking scores/energies has been previously shown to work well to improve the accuracy of the reranking step. 16 The product energy in this study was formulated as k Ã C3 Ã MTE where k51:6 if both C3 and MTE have positive values and k 5 21.0 otherwise. This ensures that the product energy is negative when both energies are negative (favorable) and positive otherwise. We henceforth refer to the product energy as C3*MTE. The code Also listed are the homologous chains for those proteins whose unbound structures were obtained by homology modeling. Chains denoted by "MD" are those for which homologs were not found or for which the homology modeled structures were not sufficiently close (TM-score was lower than 0.85) to the bound structure. Molecular Dynamics was used to obtain the unbound structures for these cases. Further, for four of the complexes (1EHK, 1M0K0, 1M56, and 2BRD0) the ligand chain was retained in bound form and bound-unbound docking was performed. Details are provided in the following subsection.
for MTE was implemented using Biopython. 50 C3 energy as well as MTE are available online at http://clsb. ices.utexas.edu/web/dock_details.html.
Other docking algorithms
The performance of DOCK/PIERR was compared to Cluspro, 51 GRAMM-X 4 , and ZDOCK1ZRANK. 3, 52 We have compared our algorithm to these approaches in the past for the case of protein complexes in aqueous solution and it therefore makes sense to extend our comparison to membrane proteins. Previous comparative docking studies have shown that these algorithms were among the best performing algorithms for membrane protein docking. 14 Results were obtained from the servers in the cases of Cluspro and GRAMM-X. For ZDOCK1ZRANK, the ZDOCK 3.0.2 package was downloaded and docking jobs were run locally. The top 2000 models from ZDOCK were rescored using the ZRANK scoring function.
Creation of unbound membrane protein complexes dataset
A data set of 30 transmembrane protein complexes was extracted from MPStruc, 53 a database of membrane proteins from the White laboratory. Representative structures were chosen from each of the classes to ensure functional and structural diversity. The membrane span of the selected proteins was checked using the PDBTM database, 49 a database of transmembrane proteins in the PDB. Proteins selected from the MPStruc database, that had no entry in the PDBTM database, were discarded. Proteins classified as membrane proteins often do not span the entire length of the membrane and can interact with just one small region of it, for example, peripheral membrane proteins or cell-surface proteins. The PDBTM database was therefore used to determine the extent to which each protein was embedded in the membrane. Integral membrane proteins, where the majority of the structure to be docked lay in the transmembrane region, were specifically chosen.
We obtained 18 complexes for docking two separate protein chains. To increase the number of experimental complexes in this study, we also considered single-chain multi-pass trans-membrane proteins (e.g., GPCRs) that we broke into two complementary fragments, at an extramembranous loop region, and reassembled. In this way we obtained 12 more complexes. For each chosen GPCR, multiple independent splits were made, and each split produced two chains to be docked. Each independent split was taken as a separate target for unbound docking. Table I shows that we obtained 12 targets from the GPCRs 1C3W, 1H68, 1M0K, and 2BRD, 3 per GPCR, in this manner. Finally, we also discarded transmembrane chains where the binding between the chains was intricate, that is, one of the chains twisted around the other. This is because these cases are not suitable for rigid docking as one protein undergoes a large conformational change to bind with the other. For each protein complex chosen, Table I shows how we obtained the individual components to dock. The PDB IDs in the column "Original PDB" show the PDB entries that the targets are derived from.
Modeling unbound chains by homology and creating distorted structures by molecular dynamics First, for each receptor (one of the proteins in the complex) and ligand (the complementary protein in the complex) sequence in the set of 30 transmembrane complexes, a search for homologs in the PDB was performed using PSI-BLAST. 54 For complexes for which homologs (E-value lower than 0.001) were found for receptor and/ or ligand chains, Modeller 55,56 was used to create a structure of the unbound receptor and ligand using the homolog as template. The TM score 57 of the bound to unbound structure was measured for each homologymodeled receptor and ligand chains. Unbound (modeled) conformations that were too different (i.e., TM score lower than 0.85) from the bound (PDB) conformation were discarded.
In all, we successfully produced homologous unbound conformations for both chains in 19 of 30 complexes. Apart from these 19, 4 complexes (1EHK, 1M0K0, 1M56, 2BRD0) had one unbound chain (receptor or ligand) with TM score lower than 0.85 to the bound structure, and the other chain with a TM score higher than 0.85 to the bound structure. For these four complexes, the unbound structures with TM scores lower than 0.85 were replaced with the bound (PDB) conformation and bound-unbound docking was performed. Four other complexes (1A91, 1C17, 2BHW, 3DWW) had both receptor and ligand unbound conformations quite different (TM score lower than 0.85) from the bound conformations. And for three complexes (2KSE, 1LGH, 3B4R), homologs were not found in the first step of PSI-BLAST. Hence the latter seven complexes were treated separately and molecular dynamics was used to obtain the unbound conformations in these seven cases as described below.
For the receptor or ligand proteins for which homology modeling was unsuccessful, unbound conformations were obtained from short Molecular Dynamics MD runs on the original PDB receptor and ligand structures. The receptor and ligand were separately minimized in vacuum for 100 steps using mini_pwl, an energy minimization routine in the MD package MOIL, 58 in order to remove high-energy contacts and clashes in the structures before the dynamics run. The minimized structures (receptor and ligand separately) were subject to a very Docking Membrane Proteins short simulation of 0.1 ps at 300 K (1000 steps with a time step of 0.0001 ps). The conformations obtained after the dynamics run were used as the unbound structures. These perturbed conformations had an average allatom RMSD of 0.717 Å to the original PDB structures, and a range of RMSDs between 0.618 and 0.859 Å . These RMSD values are smaller than typical homology models. However, MD under the above conditions tends to significantly distort the protein structures. Therefore, we did not push the simulations to longer times.
Simulation methodology for studies on APP dimers
For explicit solvent simulation, we employed all-atom models of POPC bilayer and DPC micelle environments. Initial structures for the all-atom models were taken from the results of CG simulations performed using the MARTINI force field. 50,59,60 Initially, two C99 23 2 55 peptides were placed 25 Å apart in a POPC bilayer. CG molecular dynamics simulation was performed for 1.5 ms for 60 independent systems using GROMACS. 61 In all cases, the CG peptides were observed to associate and form homodimers. This resulted in a diverse set of homodimer structures, each of which could be characterized as being in the Gly-in, Gly-out, or Gly-side conformational state. The CG structures were subsequently transformed to all-atom models using Pulchra 62 and embedded in the equivalent all-atom membrane using CHARMM-GUI. 63-66 The structures were minimized and pre-equilibrated at 310 K and 1 atm while restraining the protein backbone, followed by a 100 ns of molecular dynamics in the absence of restraints under a NPT semi-isotropic ensemble using CHARMM36 all-atom lipid force field (with CMAP) at 310 K and TIP3P water model. [67] [68] [69] All-atom simulations in the DPC micelle or POPC bilayer consisted of 100 ns of MD performed on each all-atom system (following minimization and a short NVT and NPT equilibration with the protein backbone fixed). The non-bonded interactions were truncated using shift functions (between 0.9 and 1.2 nm for Lennard-Jones interactions and between 0 and 1.2 nm for electrostatics). Long-range electrostatic interactions were calculated using the Particle Mesh Ewald (PME) method 70 with a Fourier grid spacing of 0.12 nm. The pressure was set to 1 bar using a semi-isotropic coupling scheme with lateral and perpendicular pressures treated separately with coupling time 0.1 ps using the Parrinello-Rahman barostat methodology. The temperature of the system was set to 303 K and regulated using the Nos e-Hoover weak coupling algorithm. 71 The linear constraint solver (Lincs) method 72 was used to constrain all bond lengths, with a 2 fs integration step. All-atom simulations in DPC micelle were carried out under the same conditions using an isotropic coupling scheme to control the pressure. The simulations were carried out using GROMACS (v4.5.1). 61 For the implicit solvent simulations, the replicaexchange molecular dynamics (REMD) method was used to improve sampling of the structural ensemble. Simulations were carried out using the MMTSB package 73 and CHARMM. 74 The system used an all-atom representation of the protein, and implicit representations of the lipid and water environments, which were represented by regions of varying dielectrics, with the membrane being defined as a continuous slab with a low dielectric value, in the XY-plane. The initial structures used were two C99 23 2 55 peptides modeled as straight helices, independently and randomly oriented in the implicit membrane. During the course of the simulation, the peptides were observed to form homodimers in the Gly-in, Gly-out, or Gly-side conformational state. The PARAM22 force field with the CMAP correction 75 was used, including corrections specific for the GBSW model 76 with updated radii. The smoothing length used at dielectric boundaries was 0.6 Å , with 24 radial integration points, and no cutoff. The surface tension coefficient was set to 0.04 kcal (mol Å
21
. The membrane width was 40 Å with a 5 Å "head group" switching region at each end, leaving a 30 Å width as the membrane interior. The switching function for the head group region varied from the interior dielectric constant value of 1 to the solvent region dielectric of 80.
Approach for docking APP structures from simulation
A set of 50 dimers of the 23-55 segment monomer of APP-C99 corresponding to the lowest energy (based on the MD molecular mechanics energy) simulation structures obtained from implicit solvent MD simulations were used for docking.
Both bound and unbound docking was performed on each set of simulation structures. In bound docking, the monomers that is, individual helices of each simulated dimer were separated and docked. Ten top scoring models from docking were predicted for each simulation complex. For unbound docking, two simulation dimers were chosen at random (say A and B), and one helix from dimer A (say A's receptor) was docked to the other helix in dimer B (B's ligand). The docking predictions for this pair were compared to the dimer A. About 50 nonrepeating A-B receptor-ligand pairs were docked. Because the monomer conformations themselves can be quite different (>1 Å RMSD) from each other in simulations, the selection of complex B each time was constrained to those complexes where B's ligand was within 1 Å RMSD from the ligand in complex A.
Additionally, as a final post-processing step for docking APP structures and comparing the rigid docking procedure to simulations of peptide dimerization in membrane, anti-parallel dimer poses were filtered out from the final set of docking models, by making use of the additional information that the dimers found in the MD simulation are never anti-parallel. The last observation may reflect a kinetic barrier and not necessarily thermodynamic preference. However, for comparison purposes, the above filtering was found useful.
While evaluating docking methods on the APP dimers, a cutoff of 1.5 Å interface RMSD was used as the definition of "hit" or near-native structure (as the monomer helices are short and only 33 residues long). This is in contrast to the usual cutoff, which is 4 Å for an acceptable model and 2.5 Å for a high-quality model in proteinprotein docking assessments such as CAPRI. 45,77 Typical RMSD increases with system size and hence a smaller value for the peptide system.
RESULTS AND DISCUSSION
In this section, we first discuss results for the prediction of membrane protein complexes. Second, we discuss the results from docking of APP dimers derived from implicit solvent simulations. Third, we discuss differences between structures obtained from alternative computational methods. Fourth, we touch upon differences in structures obtained from micelle and bilayer membrane environments.
Structure prediction of membrane protein interactions

Membrane protein interfaces can be predicted by solvated protein docking algorithms
Interfaces of membrane and water-soluble protein complexes are quite similar 14 and can be predicted with reasonable accuracy by current state-of-the-art proteinprotein docking algorithms. This implies that proteindocking algorithms can be used as an additional and reliable source of information for structural studies of membrane proteins. We note that protein docking algorithms use potentials that have been trained on datasets that are primarily composed of soluble proteins; for example, Cluspro and Gramm-X use the training set in Ref. 78 which consists of 621 protein complexes out of which only 6 are membrane proteins, DOCK/PIERR is trained on a dataset of 640 complexes with a similar percentage of membrane proteins, and ZDOCK's interface contact potentials are trained on a dataset 79 of 89 complexes with one membrane protein.
In spite of being trained on interfaces of soluble proteins, these docking algorithms succeed in predicting a near-native structure in the top ten models with reasonable accuracy on membrane proteins. Table II shows the performance of four different docking algorithms on the dataset of 30 unbound transmembrane protein complexes. The measure of performance that we use here is the interface RMSD. Interface RMSD 80,81 is a widely used measure of accuracy for docking predictions, and is the RMSD measured along the interface residues of the experimental complex. The first number in column 2 of Table  II shows the number of hits (near-native structures i.e., docking models that are within 4 Å interface RMSD from the experimental structure) in the top ten models cumulative across all 30 complexes (targets). The second number in column 2 of Table II shows the number of complexes for which at least one such hit was found in the top ten 
Docking Membrane Proteins models. Depending on the algorithm, accuracy varies between 30 and 56.6% for unbound docking. Gramm-X performs the best in this study and is able to obtain a near-native structure in the top ten about 56.67% of the time in unbound docking. This is in agreement with an earlier study 14 that showed Gramm-X to have the best performance in docking membrane proteins. Table III shows the performance of docking algorithms in terms of number of top 10 hits, split by target. DOCK/PIERR with the membrane score is able to dock complex 1H2S, which the other docking algorithms are not able to solve. Similarly, ZDOCK1ZRANK is able to solve uniquely 1JVM and 3DWW. Gramm-X is the only docking algorithm able to solve 3B4R.
Membrane energy contributes to improved recognition
As shown in Table II , the inclusion of the membrane energy significantly improves the recognition of the combination of atomic and residue potentials, C3. DOCK/ PIERR is able to obtain a near-native structure in the top ten in 36.7% of complexes. We note that other docking programs can potentially benefit in accuracy from reranking using the additional membrane potential as well. Care must be used, however, when examining different algorithms and scoring functions to avoid double counting of similar energy terms.
Docking and implicit solvent MD simulations agree on structures of APP dimers
In this section, we explore the structure of the dimer formed by the 23-55 segment of the APP-C99 protein using docking and implicit solvent MD simulations. Table IV shows the performance of DOCK/PIERR for bound and unbound docking of 50 implicit solvent dimers from simulation. The docking performance was evaluated based on the number of models matching the corresponding MD structure within 1.5 Å interface RMSD. The first number in column 2 of Table IV reports the number of models in the top ten that matched the corresponding MD complex, across all 50 complexes. The second number in column 2 of Table IV is the number of complexes out of 50, for which at least one model in the top ten matched the corresponding simulation structure. Docking and MD simulation show a good agreement with 42 out of 50 dimers from bound docking matching the corresponding MD structure, and 26 out of 50 dimers from unbound docking matching the MD structure. The accuracy of unbound docking is lower than that of bound docking, which is to be expected, as the interfaces of monomers from unbound docking do not match precisely. Figure 2 shows the probability distribution of interface RMSDs for the top 10 docking models from bound and unbound docking of the 50 simulation dimers. In other words, this is a distribution across a set of 500 bound and 500 unbound docking models. Note that since we filter out anti-parallel orientations, the interface RMSD distribution stops at 10 Å (x axis). There is a prominent tail near 1 Å , especially for bound docking indicating a significant number of near-native structures in the set of top 10 models. Another measure of confidence in docking predictions is the z scores, which is defined for a model, m, as
r , where E m is the energy of the model, and l and rc represent the average energy and standard deviation of the energy distribution respectively. The average z scores of the C3*MTE energy across the 5 best docking models (best in terms of interface RMSD) was 24.2646 among the 500 bound docking models and 23.5062 among the 500 unbound docking models. More negative z-scores indicate that the potential can distinguish near-native structures more accurately.
Further, APP dimers can be described by an order parameter based on the distance between the Gly29 in the two helices. If the distance is within 5 Å , the dimer is said to be in Gly-in conformation, if the distance is between 5 and 10 Å , the dimer is in Gly-side conformation, and if the distance is above 10 Å , the dimer is in Gly-out conformation. Gly-in structures are stabilized by The first number in the second column is the number of hits recovered from docking across all 50 complexes: a hit is a model from docking that is within 1.5 Å interface RMSD to the corresponding simulation structure. The second number is the number of complexes for which at least one hit was found in the top ten models.
Figure 2
Probability density of the interface RMSD of top 10 docking models for 50 bound and unbound simulation dimers of APP-C99. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary. com.] interhelical contacts facilitated by the "flat face" created by the GxxxG sequence motifs. Gly-out structures are stabilized by a tetrad repeat motif that facilitates interhelical "knob-in-hole" interactions. Based on this characterization, out of the 50 lowest energy dimers derived from implicit solvent simulation, 40 were of Gly-side type and 10 were of Gly-in type. There were no Gly-out structures in the 300 K MD ensemble. Table V shows the performance of bound docking in recovering the order parameters measured in the MD simulations. The agreement between docking and simulation dimers is high (9/10) for Gly-in type structures and good (33/40) for Gly-side structures. Figure 3 provides a comparison of the distribution of C99 homodimer structures derived from all-atom simulation, in explicit POPC membrane or DPC micelle and in GBSW implicit membrane, with the DOCK/PIERR structures predicted by bound docking. The structures are projected on a plane defined by two order parameters.
The ensembles of C9923-55 homodimer in POPC bilayer and DPC micelle are shown in Figure 3 in terms of the order parameters / 4G and d GG . / 4G is a dihedral angle formed by G29A-G37A-G37B-G29B, where A and B label the two C9923-55 monomers. d GG is the interhelical distance between G33A-G33B. The / 4G order parameter is positive for left-handed structures and negative for right-handed structures. The value of the d GG parameter determines whether a structure is Gly-in, Gly-out or Gly-side, with Glin (d GG < 5 Å ), Gly-side (d GG < 5 and 10 Å ), and Gly-out (d GG > 10 Å ). Structures stabilized by interpeptide interactions facilitated by the GxxxG repeat region are Gly-in structures characterized by small values of the dGG parameter.
On the basis of the comparison of simulated ensembles and docking predictions, we can draw a number of conclusions. (1) The DOCK/PIERR predictions capture the three characteristic homodimer structural motifs, Gly-in, Gly-side, and Gly-out. (2) The predictions of DOCK/PIERR capture a number of essential trends in the environmental modulation of the C99 homodimer ensemble in bilayers and micelles, which is discussed below detail. 3 In addition, the DOCK/PIERR predictions suggest that left-handed structures are predominantly of the Gly-out topology as observed in allatom simulations 36 and experiment. 41,42 Figure 4 shows accurate docking predictions among the top ten models, superposed with the simulation structure from which they were assembled. The Gly-side model was within an interface RMSD of 0.5 Å from the simulation structure, while the Gly-in model was within 0.6 Å from the simulation structure. The figure shows that the backbones essentially overlap while the sidechains show minor differences.
Structural differences between the results of alternative computational methods to predict complexes of amyloid peptides
As Table V shows, DOCK/PIERR docking is reasonably accurate for Gly-in complexes generated by implicit solvent simulations using parameters for the membrane Gly-side [40] 34/33 Gly-in [10] 9/9
The first number in the second column is the number of docking models within 1.5 Å interface RMSD from the corresponding simulation structure, across all complexes of the given dimer type. The second number is the number of complexes for which at least one hit was found in the top ten models for that dimer type.
Figure 3
Distribution of homodimer structures of C99 in POPC bilayer, DPC micelle and Implicit Membrane derived from all-atom simulations (gray) and compared with the DOCK/PIERR predictions (black) projected onto the order parameters d GG and / 4G .
width chosen to approximate a POPC bilayer. However, when applied to dock 30 Gly-in complexes from explicit solvent POPC bilayer, it was observed that DOCK/PIERR fails to produce a single hit in the top ten models for any of the 30 complexes. These differences in docking results hint at structural differences in the dimers from implicit and explicit solvation. The differences were investigated using the docking energy PIE, the residue contact potential used in DOCK/PIERR. Figure 5 is a distribution of the PIE energy for the implicit and explicit solvent simulation dimers that were docked. It shows that the PIE energy is much lower for the dimers derived from implicit solvent simulations. This suggests that the number of inter-helical residueresidue contacts is higher for the implicit solvent dimers, leading to more favorable PIE energies for the latter. The contact based potentials in DOCK/PIERR favor the higher number of contacts in implicit solvent models. For this reason, docking models show better agreement with implicit solvent simulation derived dimers than with dimers derived from explicit solvent simulations.
Differing compactness of the helical dimers provides an explanation for the different numbers of contacts in implicit and explicit solvent. This is seen in Figure 6 , which is a distribution of the smallest eigenvalue of the tensor moment of inertia for each simulation structure. The smallest eigenvalue corresponds to the long axis and can be a measure of how close the helices are to each other. The figure suggests that the implicit solvent simulation derived dimer helices are closer than the explicit solvent simulation derived dimers. In implicit solvent, the hydrophobic residues in the dimers form more contacts with each other, whereas in explicit solvent the hydrophobic residues form more contacts with the membrane. This leads to more compact dimers in implicit solvent. In explicit solvation models, protein-protein contacts can be more easily replaced by protein-water or protein-membrane contacts, while in implicit solvation model, the protein contacts are not explicitly replaced. Figure 7 illustrates the 10 Gly-in implicit solvent models and 30 Gly-in explicit solvent models that were docked.
Figure 4
Left: A docking model (green) in the top 10 predictions, at an interface RMSD of 0.5 Å from the corresponding simulation structure (gray) of Gly-side type. Right: A docking prediction (cyan) in the top 10, at an interface RMSD of 0.6 Å from a Gly-in simulation structure (blue). The carbon alpha atoms of the glycine residues in the GxxxG motifs in the simulation structures are shown as red spheres.
Figure 5
Probability distribution of PIE energy for 10 Gly-in implicit solvent simulation dimers and 30 Gly-in explicit solvent simulation dimers in POPC membrane that were bound docked. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
Figure 6
Distribution of the smallest Eigenvalue of the tensor moment of inertia for 10 Gly-in implicit solvent simulation dimers and 30 Gly-in explicit solvent simulation dimers in POPC membrane that were bound docked. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
The implicit solvent models lead to helices closer to each other at the C-terminal (right hand side) end, whereas in explicit solvent models, the helices are farther separated.
Differences between structures from DPC micelle and POPC bilayer DOCK/PIERR is able to bound dock 17/30 simulation dimers from POPC bilayer (i.e., a model within 1.5-Å interface RMSD was found in the top ten models for 17 of 30 dimers) in Gly-out conformation. However, the same experiment repeated on the Gly-out dimers in DPC micelle results in no hits in the top ten for any of the 30 dimers derived from micelle simulations. Again the differences between the two docking accuracies hint at structural differences between dimers in the different bilayer and micelle environments. Distribution of the cosine of angle between helices for 30 Gly-out explicit solvent simulation dimers in POPC bilayer and 30 Gly-out explicit solvent simulation dimers in DPC micelle that were bound docked. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.] Figure 10 Left: Ten dimers derived from explicit solvent simulations in POPC membrane. Right: Ten dimers derived from explicit solvent simulations in DPC micelle. The ten dimers in each case were the top scoring dimers from the MD ensemble, as scored by C3*MTE. The carbon alpha atoms of the glycine residues in the GxxxG motifs of the dimers are shown as salmon colored spheres. These differences were explored using PIE. Figure 8 shows distinct differences in the PIE energy for bilayer and micelle simulation models. The PIE energy is significantly more favorable for the bilayer models, due to a higher number of inter-helical contacts in the dimers. Figure 9 is a plot of the absolute value of the cosine of the angle between the long axes of the helices in the dimer. There are clear differences in the distributions of angles between the helices due to the differing environments in the bilayer and micelle. Dimers in bilayers have cosine values closer to 1, indicating that the helices are more parallel. In contrast, helices in micelles have a wider range of angles and favor non-parallel orientations, which are more "X"-like. This is also illustrated in Figure 10 , which shows the 30 bilayer models with parallel helices and 30 micelle models with "X"-shaped helical angles. It is likely that helices in micelle environments tend to adopt an "X"-shaped orientation due to the influence of membrane curvature as well as an entropic effect. The "X"-shaped orientation is consistent with a greater number of configurations and larger structural fluctuations, leading to great configurational entropy of the protein in the micelle than is found in the parallel Gly-in configurations that are predominate in the membrane environment. The entropic driving force and membrane curvature may be used to explain the observed environmental dependence of dimer structures. Moreover, the observed differences point to the limited applicability of micelle environments as accurate mimics for membrane bilayers in membrane protein structure determination.
Entropic reasons for the differences between dimer structures in micelle and bilayer
Here we investigate the role of entropy as a possible reason for differences in the dimer structures observed in bilayer and micelle environments. The total energy C3*MTE is compared for a set of 200 simulation structures of Gly-out type in DPC micelle, and 200 simulation structures of Gly-out type in POPC bilayer. The top plot in Figure 11 shows that the micelle structures have a higher energy than the bilayer structures, and hence structures in the bilayer are preferred. However, the situation is reversed when we include the effect of entropy in a generalized energy. We modeled the entropy using the form 2AlogðsinðxÞÞ, where A is a constant and x is the small angle between helices in a dimer. The larger the angle x, the higher is the entropic contribution to energy since the helices have more rotational freedom. Upon adding this entropic term to the total energy, E total 5C3 Ã MTE2AlogðsinðxÞÞ, and recalculating energy of all structures, we show in the bottom Figure 11 200 DPC micelle and 200 POPC bilayer structures of the Gly-out type were selected from the simulation ensemble. For each DPC micelle structure, the difference between its energy and the energy of each POPC bilayer structure was plotted as a function of the helical angle in the micelle structure. The top plot shows the distribution of energies without the entropy term and the bottom part shows the distribution of generalized energies after addition of the entropy term. plot of Figure 11 that for values of the constant A which are 610 or greater, the entropic factor makes the micelle structures, which are predominantly "X"-shaped, more favorable in generalized energy than the bilayer structures, which are parallel dimers. This analysis demonstrates that variations in entropy could explain why the "X" shaped dimers are favored in micelles compared to the parallel helices that are predominant in bilayer environments.
CONCLUSIONS
In this manuscript, we present the first comparative study of protein docking algorithms for docking unbound membrane proteins. It is also the largest comparison study including bound and unbound membrane complexes, including homo and heterodimers. We show that including information about the membrane environment as an additional one-body residue-based energy term improves the prediction capacity of our docking algorithm, DOCK/PIERR, significantly. We use this extended DOCK/PIERR method to study the dimerization of the transmembrane fragment of C99, the 99 amino acid C-terminal fragment, C99, of the Amyloid Precursor Protein.
We draw a number of conclusions that characterize the performance of the extended DOCK/PIERR method in a detailed application to the prediction of C99 homodimers in membrane and micelle environments. (1) The results from docking match well with results from implicit solvent simulation and are capable of capturing the diversity of topologically distinct coiled-coil structural states. (2) Structural ensembles derived from explicit solvent simulations differ from those derived using an implicit solvent model: explicit solvent structures have more protein-membrane contacts and implicit solvent structures have more protein-protein contacts. This difference suggests that implicit solvent models and our docking procedure are not able to reproduce the contacts formed by discrete solvent molecules. (3) Homodimer structural ensembles derived from simulations in bilayer and micelle environments display significant differences: bilayer-derived dimers have parallel helices while micelle-derived dimers display an "X"-shape, with helices oriented at a distinct crossing angle. This preference for "X"-shape can be explained on the basis of entropy (rotational freedom of the dimers in micelle) and membrane curvature.
There are several experimentally derived homodimer structures formed from fragments of APP-C99 peptide. Solid-state NMR studies of APP-C99 lead to the first experimentally derived homodimer structure, 26 in which the TM helices form a right-handed coiled-coil stabilized by contacts facilitated by the GxxxG motif and consistent with the Gly-in structures proposed in this study. Subsequently, solution NMR was used to derive homodimer structures for APP-C99 in DPC micelle 41 and APP-C99 in DPC micelle. 42 In the former study, a left-handed coiled-coil structure was proposed. In the later study, a right-handed coiled coil structure was proposed that is in good agreement with simulated structures of the APP-C99 homodimer in a DPC micelle environment. 82 However, those simulated and experimental structures for the homodimer in a DPC micelle, which are predominantly Gly-side and Gly-out structures, differ substantially from the simulated structures for APP-C99 15-55 homodimer in POPC bilayer, which is predominantly composed of Gly-in structures. 82 The results of this study of APP-C99 homodimer, and simulation studies of the APP-C99 homodimer, 36,82 suggest that the TM homodimer is best characterized by Gly-in structures in a POPC bilayer and Gly-side or Gly-out structures in a DPC micelle. As such, our simulation results, which predict a strong influence of environment on the APP-C99 homodimer structure, are consistent with the results of existing experimental studies.
Predicting the structure of higher order amyloid aggregates and developing additional potentials trained on membrane protein interfaces represent some of the promising avenues for future work in the area of membrane complex prediction.
Availability: The membrane potential and docking scores are available as downloads from http://clsb.ices. utexas.edu/web/dock_details.html.
